Abstract-The most addressed issue in person reidentification systems is to manage the performance under large gallery set and invariant appearance. In this study, considering these issues we proposed a color based pre-rank categorization (color basket) for person re-identification. In addition, coarse saliency dense color features were extracted to generate signature. For this purpose, we remove background and apply scaleinvariant feature transform (SIFT) to get convex hull boundary to find the coarse saliency region. Furthermore, an image is divided into three horizontal strips and the dense color features are obtained. For training, incremental LDA (linear discriminant analysis) is utilized and extended with mRMR (minimum Redundancy Maximum Relevance) to handle the high computational cost. The proposed method is evaluated on three publically available datasets, namely i-LIDS, VIPeR and GRID. Moreover, a cumulative matching characteristic (CMC) curve is generated. The curve shows the propose strategy is good in dealing with the above-mentioned problems.
INTRODUCTION
Person re-identification has recently drawn great interest in computer vision applications. Person re-identification is a task to match and recognize persons across non-overlapping cameras. The key factors that degrade the performance of a person re-identification system are pose variation, viewpoint, poor resolution, occlusion and a large dataset. In real-time detection and re-identification, the most important factor involves maintaining the system's performance. The focus of this study is on sustaining the performance of a person reidentification system with a large gallery set.
Several researchers have studied the person reidentification problem. Re-identification methods are classified into two groups, namely descriptive (feature-based) [1] , and discriminative (distance metric learning) [2] . Based on these categories, literature on person re-identification is presented as follows.
Feature-based techniques have robust features that can distinguish images in terms of viewpoint orientation, illumination and lighting conditions. In recent years, several approaches of generating descriptors have been introduced. Appearance-based approaches frequently used for image retrieval or person re-identification are based on the color, texture and shape of the object [3] . The color histogram-based feature [4] is the most popular and frequently used person reidentification. Morioka et al. [5] used color histograms to extract features for different views and extended them with PCA to combine them for person re-identification in a multicamera environment. Javed et al. [6] also utilized color histogram features for the same purpose. Many authors introduced saliency based and graph based feature descriptor to handle these problems in person re-identification [7] . Disadvantages of descriptive methods relate to highdimensional data and the intra-class feature variation problem. Discriminative methods have widely been employed to overcome these limitations.
Other re-identification methods are based on distance metric learning, which involves measuring the distance or similarity of pairs of extracted features and requires training. Based on these categories, many strategies have been introduced to solve it, such as K-Nearest Neighbor [8] , LMNN [9] , logistic discriminant metric learning (LDML) [10] , information theoretic metric learning (ITML) , L1-Norm and L2-Norm [11] . These methods compare two non-overlapping cameras images and seek a shortest distance for an output image. The differences between the descriptive and distance metric methods are: 1) metric learning methods perform a direct comparison instead of data training, 2) comparatively discriminative methods mostly use Euclidian distance for decision-making, whereas distance metric learning methods use probability distance or non-Euclidean distance.
The majority of human re-identification works presented are based on appearance, as discussed above. Color features are always dominant in object recognition. The main concern in color-based human re-identification is with retrieving accurate objects from large gallery sets. Thus, it is necessary to use an accurate distance between the probe and gallery set. In this context, this article introduces a method of maintaining the performance of a person re-identification system with a large gallery set. The principal contributions of the proposed work include:
• Color-based learning is introduced for pre-rank color categorization.
• Visual salience is detected to remove the background using the SIFT-based salience technique to obtain foreground images and partition them into three horizontal strips.
• Dense color features are generated corresponding to the partition strips. • 4. Incremental LDA (iLDA) learning is used to deal with the overhead of a large gallery set for fast processing. To deal with the high computational cost of i-LDA, the minimum Redundancy Maximum Relevance mRMR technique is employed.
• A similarity measurement technique is used with the gallery set to check the robustness of the system. In subsequent sections, the proposed framework will be discussed in detail.
II. SYSTEM DESCRIPTION An overview of the propose model is presented in Fig. 1 . Regarding the person re-identification subject, a pre re-rank color categorization basket is introduced to handle a large gallery set. The appearance features are extracted from the coarse saliency region. Before this, the image is divided into three horizontal strips is trained with iLDA and extended with mRMR. A detailed description is given in upcoming sections. 
A. Human tracking and detection
The histogram of oriented gradients (HOG) is a renowned object classification method that is extensively used for human detection [12] . In this study, the HOG method is also used for this purpose. Gradient computation is the main step in HOG, which can be positive or negative and is calculated by 1-D discrete derivation masks in the X-axis [ 
x y . Gradient orientation is done with the following equation:
where θ is the orientation on point ( , )
x y . Rectangular (R-HOG) are adopted to fabricate cell and block descriptors. Next, a normalization process is applied to eliminate redundant features. SVM is a prominent method that is frequently used for accurate classification. Here, SVM is extended for classifying positive (human) body parts and negative (nonhuman) body parts.
B. Color-based pre-ranking
Classification aims to categorize objects based on robust features. Accurate classification usually depends on two things: 1) discriminative features and 2) learning. The challenge in person re-identification is how to organize large, continuous training data. Researchers have used different strategies to overcome this challenge, such as the data forgotten [13] . In the current study, the color-based pre-rank optimization learning method is proposed, which comprises two stages: 1) color basket creation and 2) color matching. In this case, a color basket is initially created and only six colors are used to represent all 255 remaining colors, namely red, green, blue, yellow, black, and white. When a new image arrives, the training algorithm obtains its color and places it in the nearest neighbor's color basket. Thus, the number of objects in each basket is continuously incrementing. The advantages of the proposed pre-rank categorization learning method over other methods include: 1) it minimizes the search time and accurately classifies unseen data and 2) it offers an optimal solution and handles huge databases easily.
C. Signature generation and training
In this section, feature extraction and signature generation for human re-identification are discussed. As mentioned in the previous section, prior to creating the color basket, a dense color feature is created from the coarse saliency region. To determine the coarse saliency region, the image background is first eliminated and the SIFT method is applied to detect the key points. The convex hull is computed by using the detected key points and the boundary for the coarse saliency region is marked.
The next step is to segment the output image into three horizontal equal strips and perform dense color on each strip to extract diverse feature vector. It can be shown as:. Data labeling and classification is an important step in human re-identification. Here, incremental LDA learning is utilized for training purposes. To deal with the high computational cost, the minimum Redundancy Maximum Relevance mRMR technique is extended [14] .
Let considered h as a single node (upper, middle or lower strip) and features are represented as σ . The correlation ξ between nodes is calculated by the formula:
, log p x y x y p x y dxdy p x p y ξ = ∫ ∫ (3) where ( ) p x and ( ) p y are shows that the probability distribution functions to occur within the specific visual cue (single strip is known as visual cue) while ( ) , p x y is the combined probability of occurrence of two mutually correlated visual cues.
According to the definition of mRMR, the maximum relevance between two classes can be defined as:
The redundant features within a class are found and minimized using: (4) from (5), we get the following mRMR equation:
This process is applied to each newly-acquired test image and distance d is calculated and compared with the set of gallery images as:
In our case, the distances where two out of three strips have the same ID are first sorted and their ranks are computed accordingly. The shortest distance is calculated as:
where t and t ∆ are is the threshold and calculated distance below the threshold respectively. Proposed method is summarized in the Algorithm 1. Perform color based pre-rank and select into respective color basket.
2.
Remove the background and mark SIFT points. 3.
Mark the convex hull boundary and find the coarse saliency region.
4.
Compute overall incremental LDA and mRMR using Eq. (6).
5.
Apply distance function using Eq. (7). 6.
Sort out those distances whose two out of three strips have same ID and compute rank.
III. EXPERIMENTS AND RESULTS
The proposed method was evaluated using two publically available datasets, namely VIPeR and GRID. VIPeR is the most challenging and widely used dataset in person reidentification. It is captured from an outdoor environment and contains 632 images with two images per person [15] . The DRID dataset was captured by 8 disjoint cameras at a busy underground station. It has 250 images with occlusion and illumination variations [16] . For a fair evaluation of the proposed technique on all three datasets, all images were partitioned to form the gallery and probe set. In addition, different P values were selected to compute the cumulative match characteristic (CMC) curve. Different P value such for VIPeR p=100 and p=316 and for GRID p=125 were chosen to evaluate the performance. Each test was repeated 20 times and obtained top-30 ranking of each subjects reported as the final result.
The proposed method is compared with existing person reidentification methods. We also use similar protocol as suggested for i-LIDS and VIPeR and DRID datasets by them. Cumulative match characteristic (CMC) curve is calculated to compare the performance of proposed algorithm. The comparison results of person re-identification are shown in Fig.2, Fig. 3, Fig. 4 . Curve shows the average results of the proposed method. Fig. 2 . Comparison of the proposed method with existing state-of-the-art methods (RLMN [2] , MLACM [17] , Midfilter [18] , MtMCML [19] , PDC+PP+DF [20] , c-LSVM [21] ) for the VIPeR dataset. The top 20 ranking positions are depicted at p=316. Fig. 3 . Comparison of the proposed method with existing state-of-the-art methods (Adaboost [22] , RDC [23] , MLACM [17] , PRDC [23] , RankSVM [23] , MtMCML [19] ) for the VIPeR dataset. The top 20 ranking positions are depicted at p=432. Fig. 4 . Comparison of the proposed method with existing state-of-the-art methods (RLMN [2] , RankSVM [23] , RS-KISSME [24] , MtMCML [19] ) for the GRID dataset. The top 20 ranking positions are depicted at p=125.
In the subsequent experiment, the proposed feature extraction method was compared with the pre-rank optimization strategy and without. Table 1 compares the average results of the proposed method with and without prerank optimization. 
IV. CONCLUSION
In this study, the person re-identification problem in a multi-camera environment was solved. The main contribution of the proposed state-of-the-art technique is in handling reidentification in two situations, namely with invariant appearance and continuous data. The SIFT-based coarse salience region was used to detect and obtain the dense color features that are accurate in invariant appearance. In addition, each object was divided into three horizontal strips to make searching faster. Continuous data is a major problem that arises in person re-identification. Hence, pre-rank categorization was utilized to minimize the data overhead. The comparison with other state-of-the-art methods showed that the proposed technique has superior performance in all conditions.
